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Key Points: 
 In Australia, pasturelands have both low resistance and low resilience relative to other 
regions across the world. 
 Southern South America has the lowest resilience globally, which is indicative of slow 
vegetation recovery after a disturbance.  
 14.5% of global pasturelands experienced greening or browning trends, with the 
majority of these locations showing greening. 
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Abstract 
Pasturelands are globally extensive, sensitive to climate, and support livestock production 
systems that provide an essential source of food in many parts of the world. In this paper, we 
integrate information from remote sensing, global climate, and land use databases to improve 
understanding of the resilience and resistance of this ecologically vulnerable and societally-
critical land use. To characterize the effect of climate on pastureland productivity at global 
scale, we analyze the relationship between satellite-derived Enhanced Vegetation Index data 
from MODIS and gridded precipitation data from CHIRPS at 3- and 6-month time lags. To 
account for the effects of different production systems, we stratify our analysis by 
agroecological zones and by rangeland versus mixed crop-livestock systems. Results show that 
14.5% of global pasturelands experienced statistically significant greening or browning trends 
over the 15-year study period, with the majority of these locations showing greening. In arid 
ecosystems, precipitation and lagged vegetation index anomalies explain up to 69% of variation 
in vegetation productivity in both crop-livestock and rangeland-based production systems. 
Livestock production systems in Australia are least resistant to contemporaneous and short-
term precipitation anomalies, while arid livestock production systems in Latin America are 
least resilient to short-term vegetation greenness anomalies. Because many arid regions of the 
world are projected to experience decreased total precipitation and increased precipitation 
variability in the coming decades, improved understanding regarding the sensitivity of 
pasturelands to the joint effects of climate change and livestock production systems is required 
to support sustainable land management in global pasturelands.  
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Plain Language Summary  
Pastures, which provide food for livestock, are the most extensive land use on the planet and 
their productivity depends on the timing and amount of rainfall they receive. In this paper, we 
use data on vegetation productivity, rainfall and land use in order to determine the ability of 
pastures to remain unaffected by a disturbance and the time required for pastures to recover 
following a disturbance. To determine the effects of rainfall on pastures, we analyze the 
relationship between productivity and rainfall at 3- and 6-month time intervals. We also take 
into account pasture management and whether pastures are located in dry or humid areas of the 
world. In dry regions, rain from the current season, rain from the last two seasons, and 
vegetation productivity from the previous growing season explain nearly 70% of current season 
vegetation productivity. Pastures in Australia are least capable of withstanding rainfall deficits, 
while pastures in Latin America recover more slowly after drought compared to other regions. 
Dry regions of the world are predicted to receive less rain less regularly in the coming decades, 
so improved understanding of the sensitivity of pastures to expected changes in rainfall will 
help support sustainable management of global pastures. 
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1 Introduction 
More than a third of Earth’s ice-free land surface is occupied by agriculture, of which nearly 
70% is used as pastureland to support livestock (Foley et al., 2011). Although pasturelands 
occupy a disproportionate share of agricultural land, their productivity, resilience, and 
resistance to climate change are much less well-studied relative to croplands (Foley et al., 2011; 
Ramankutty et al., 2002). Because these systems are important both ecologically and to local 
and global economies, incomplete understanding regarding the dynamics and vulnerabilities of 
pastureland ecosystems to the joint effects of climate and livestock production systems 
represents a key knowledge gap. 
Growing population and increasing affluence in developing nations are expected to increase 
global meat and milk consumption by 68% and 57%, respectively, by 2030 relative to 
consumption in 2000 (Steinfeld & Gerber, 2010). In the era of climate change, our ability to 
satisfy increased demand for meat and dairy while decreasing the resulting environmental 
impact depends on pastureland sensitivity to both climate and livestock management. 
Quantifying the relationships among pastureland productivity, climate, and livestock 
production systems is therefore important to support forecasts regarding how on-going changes 
in climate may lead to grassland feed shortages and pastureland degradation and desertification. 
Moreover, in order to meet the UN Sustainable Development Goals, improved understanding 
of the processes and thresholds that lead to land degradation in pastureland systems is required 
(Keesstra et al., 2016).  
Precipitation is the dominant climatic control on grassland productivity (Knapp & Smith, 
2001; Sala et al., 2012). From desert grasslands to mesic prairies, field-based studies show that 
mean annual precipitation accounts for up to 90% of interannual variation in aboveground net 
primary productivity (ANPP) (Del Grosso et al., 2008; Guo et al. 2012; Sala et al., 1988). At 
seasonal time scales, vegetation productivity in arid and semi-arid systems is largely driven by 
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seasonal weather regimes with secondary responses to lagged weather, at time scales that range 
from one month (Wu et al., 2015) to two years (Arnone III et al., 2008). Because pasturelands 
are actively grazed by livestock, understanding and modeling their response to precipitation 
variation is challenging, and has been described using both equilibrium and non-equilibrium 
ecological theory. In arid and semi-arid systems, in particular, evidence suggests that livestock 
density alters the long-term direction of structure and composition of grasslands, but appears 
to have a minor role in regulating yearly plant production and forage availability, which is 
primarily influenced by episodic precipitation events at seasonal time scales (Illius & 
O’Connor 1999; Briske et al., 2003; Fuhlendorf, Briske & Smeins 2001).  
Arid and semi-arid ecosystems occupy approximately 40% of the terrestrial surface 
(Reynolds et al., 2007) and account for approximately 40% of global net primary productivity 
(NPP) (Bunting et al., 2017; Wang et al., 2012). Rangeland-based livestock production 
systems, which occupy 65% of drylands, support livestock on the ANPP of natural vegetation 
(Asner et al., 2004; Gaitán et al., 2014). Because water limits the productivity of vegetation in 
arid and semi-arid ecosystems, the timing and duration of precipitation drive ecosystem 
function by controlling the amount of soil moisture available for plant uptake (Sala et al., 2012; 
Wilcox et al., 2017). Recent studies suggest that up to 66% of global land areas are 
experiencing drying (Huang et. al., 2016), and precipitation events in arid and semi-arid regions 
are forecast to become shorter, less frequent, and less widespread in the coming decades 
(Huang et. al., 2016; Reeves et al., 2014). If realized, these changes pose a significant threat to 
the sustainability of rangeland-based livestock production systems, especially in arid and semi-
arid regions.   
The United Nations’ Food and Agriculture Organization (FAO) defines pastures as land 
permanently used for herbaceous forage crops. Pastures provide 48% of the biomass used by 
ruminants (e.g., bovines, sheep, and goats) across both rangeland-based and mixed crop-
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livestock systems and are therefore important to food security in many parts of the world 
(Herrero et al. 2013). In mixed systems, livestock consume a wide variety of feeds, and crop 
by-products and stubble provide more than ten percent of animal food. Mixed crop-livestock 
systems account for the majority of grass consumption, and provide 61% of the meat and 69% 
of the milk produced in both developed and developing countries (Herrero et al., 2013). 
Livestock in rangeland-based systems, on the other hand, depend almost exclusively on grass 
for feed, with more than 90% of dry matter derived from pasturelands with limited feed 
supplements (Robinson et al., 2011).  
At regional to continental scales, several studies have used satellite data to quantify the 
impact of precipitation variability on grassland productivity (e.g., Lotsch et al., 2003; Seddon 
et al., 2016; Vicente-Serrano et al., 2013). However, most have not considered the potential for 
management practices to offset or exacerbate the impact of climate variability on pastureland 
production (Knapp et al., 2015; Sala et al., 2012; Wilcox et al., 2017).  Including land use in 
such analyses provides a basis for separating the effects of livestock production systems from 
climatic drivers and could inform ecosystem management and policies. No study has examined 
the relationships among the resilience and resistance of pasturelands to both climate anomalies 
and livestock production systems at global scales. Further, few studies have estimated 
quantitatively the sensitivity of pastureland vegetation to precipitation at different time lags at 
global scale.  
In this paper, we use observations (2003-2017) from a suite of precipitation, livestock, and 
remote sensing data sets to characterize and assess the spatially explicit sensitivity of global 
pasturelands located in different livestock production systems to climate. We define sensitivity 
as the change in satellite-derived vegetation greenness that is generated by a change in 
precipitation (Huxman et al., 2004; Knapp et al., 2015; Sala et al., 2012). Specifically, we 
estimate both vegetation resistance (ability of pasturelands to withstand a disturbance) and 
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engineering resilience (time required for pasturelands to return to set point after a disturbance) 
to variations in precipitation, as conditioned on livestock production system. We postulate that 
the geographic distribution, productivity, and sensitivity of global pasturelands depend on the 
combined effects of precipitation and the livestock production system (i.e., mixed crop-
livestock and rangeland-based). Specifically, the objectives of the research we describe in this 
paper are:  
 To quantify the resistance and resilience of arid/semi-arid and humid/sub-humid livestock 
production systems to climate.   
 To assess the nature and magnitude of short-term precipitation and vegetation anomalies in 
determining pastureland greenness in different climatic zones and livestock production 
systems. 
As part of our analysis, we also evaluate overall trends in vegetation greenness in global 
pasturelands and investigate the form and magnitude of pastureland vegetation response to wet 
versus dry years. 
2 Materials and Methods 
2.1 Remote sensing and precipitation datasets  
Repeated satellite observations across broad spatial scales have been used as indicators of 
pastureland health and pastureland response to climate and anthropogenic drivers of change 
(Asner et al., 2004). For this work we used time series of the enhanced vegetation index (EVI), 
which is correlated with the fraction of photosynthetically active radiation absorbed by plant 
canopies and vegetation biomass (Asrar et al., 1984; Myneni et al., 1995; Zhou et al., 2003), as 
a surrogate for vegetation productivity. Because EVI is closely related to ANPP, the magnitude 
and seasonality in EVI provide good indicators of forage availability (Gaitán et al., 2014). EVI 
is a measure of the aggregate response of pasturelands to both climate variability and grazing. 
Given that yearly plant production is often controlled by precipitation rather than grazing 
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(Evans & Swift, 1988; Briske et al., 2003; Fernandez-Gimenez & Allen-Diaz, 1999) and 
because spatially explicit grazing data are not available at global scale, we analyzed the 
response of pasturelands to precipitation explicitly recognizing that they may be grazed. Using 
the MOD13C2 monthly vegetation index quality flags, we limited the effect of clouds and 
atmospheric constituents on the EVI time series (for more details see Supporting Information 
Table S2). Further, to exclude artifacts introduced by soil background and snow, we excluded 
EVI values less than 0.1 (Wu et al., 2015; Zhou et al., 2003).  
To evaluate the sensitivity of pastureland productivity to precipitation, we used gridded 
monthly precipitation data from the Climate Hazards Group InfraRed Precipitation Station 
(CHIRPS) data at 0.05˚ spatial resolution (Funk et al., 2015a) and Collection 6 MODIS 
monthly EVI data (MOD13C2), also at 0.05˚ spatial resolution (Didan, 2015) from 2003 to 
2017. CHIRPS is a quasi-global rainfall dataset spanning 50˚S to 50˚N across all longitudes. 
By utilizing high resolution (0.05˚) satellite observations of global precipitation climatology in 
addition to physiographic indicators and gauge data, CHIRPS provides gridded precipitation 
data with good quality and coverage in data sparse regions (Funk et al., 2015b) that compares 
favorably against the most widely used global precipitation datasets: the Climate Research Unit 
(CRU) time series and WorldClim (Funk et al., 2015b).  
2.2 Global pastureland map  
We combined two sources of information to create a global map of pasturelands. First, we 
used the MODIS Collection 6 Land Cover Product at 500 m spatial resolution (Sulla-Menashe 
et al., 2019) to restrict our analysis to locations belonging to the following land cover classes: 
Closed Shrublands, Open Shrublands, Woody Savannas, Savannas, Grasslands, Barren or 
Sparsely Vegetated, and Cropland/Natural Vegetation Mosaic. To be conservative, we retained 
only those grid cells that were classified as one of the above-mentioned land cover classes 
across all fifteen years. Second, we used the map of global pasturelands circa 2000 created by 
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Ramankutty et al. (2008), which blends coarse spatial resolution agricultural inventory data 
from the UN Food and Agriculture Organization (FAOSTAT) with land cover data derived 
from MODIS (Friedl et al., 2010). Specifically, we used Ramankutty et al.’s (2008) map to 
identify 5' grid cells with 60% or more pastureland cover. We used Ramankutty et al. (2008) 
product since it provides the most conservative estimates of pastureland area when compared 
to other products because it considers only permanent pastures (Fetzel et al., 2017). We then 
intersected these two data sets to create a gridded map of pasturelands where each grid cell met 
two criteria: 1) stable land cover through time belonging to one of the seven MODIS Land 
Cover classes identified above, and 2) possessing more than 60% pasture by area according to 
Ramannkutty et al. (2008).    
Following Robinson et al. (2018), pastureland areas were divided into two agroecological 
zones (arid/semi-arid and humid/sub-humid), two livestock production systems (rangeland-
based: defined as having minimal crop-based agriculture, and crop-livestock: defined as rainfed 
cropping combined with livestock production), and five different geographic regions (Africa, 
Asia, Australia, North America, and Latin America) (https://doi.org/10.7910/DVN/WPDSZE). 
We excluded Europe where pasturelands are not extensive. Following the regional stratification 
established by Herrero et al. (2013) we defined Latin America as including Mexico, Central 
America, and South America. This design identified twenty distinct geographic units, which 
were further subdivided into four seasons resulting in eighty different study units for the final 
model specification (Fig. 1). We selected 30% of grid cells via random sampling (without 
replacement) from each of the twenty different geographic units (Table S1). This proportional 
sampling scheme allowed for a fair comparison among regions with markedly different areas 
(see Supporting Information for more details on sampling strategy and Table S1 for the number 
of grid cells in each region represented by 30% sample). In addition, to support estimation of 
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uncertainty in model results, we repeated the procedure 100 times, providing 100 sets of unique 
random samples is each study unit.  
2.3 Panel regression model 
To characterize the sensitivity of pasturelands to the joint effects of land use and climate, 
we estimated panel regression models to predict EVI at seasonal time scale. We used a panel 
regression-based approach because this method is well suited for 1) gridded time series that 
have relatively few observations (15 years) for a large number of pixels (Hsiao 2014) and 2) a 
stratified sampling approach such as the one described above (see Supporting Information). 
Panel regression models have been previously used in similar contexts to study yield response 
to climate in croplands as well as the relationship between remotely sensed vegetation indices 
and climate (Lobell et al., 2010; Zhou et al., 2003). To perform this analysis, CHIPRS 
precipitation and MODIS vegetation index time series were co-registered and clipped to the 
pastureland mask described above. For each 0.05° grid cell, we calculated seasonal statistics 
(mean, min, max and standard deviation) and seasonal standardized anomalies for precipitation 
and EVI (Equation (1)), which removed the effect of seasonality and reduced the impact of 
spatial autocorrelation in each climate zone and livestock production system (Hansen et al., 
1999; Zhou et al., 2003):  
 𝐴𝑛𝑜𝑚𝑎𝑙𝑦𝑠(𝑦) =
?̅?𝑠(𝑦)− ?̅?𝑠(𝑟𝑒𝑓)
𝜎𝑠(𝑟𝑒𝑓)
                                                                                                   (1) 
where 𝑦 is year, ?̅?s(y) is the mean for a season (s) and year (y), ?̅?s(ref) is the long-term mean for 
the same season, and 𝜎s(ref) is the standard deviation for the same season. Prior to computing 
the standardized seasonal anomalies, monthly EVI data were averaged and monthly 
precipitation values were summed to generate seasonal values for December/January/February 
(DJF), March/April/May (MAM), June/July/August (JJA), and September/October/November 
(SON). Because precipitation is highly variable at short time scales and vegetation does not 
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respond to high frequency variation in weather, we have adopted this widely used aggregation 
approach in our study (e.g., Lotsch et al., 2003; Vicente-Serrano et al., 2013; Zhou et al., 2003). 
Linear panel regression models were estimated for each season (s) and grid cell (i) as 
follows:  
𝐸𝑉𝐼𝑖𝑠 =  𝛼𝑖𝑠 + ∑ ( 𝛽1𝑖𝑠 ∗ 𝑃𝑖𝑠 +
−2
𝑠=0 𝛽2𝑖𝑠 ∗  𝑃𝑖𝑠
2) +  𝛽3𝑖𝑠 ∗ 𝐸𝑉𝐼𝑖(𝑠−1) +  𝜖𝑖𝑠    (2) 
where P is the standardized precipitation anomaly, 𝐸𝑉𝐼𝑖(𝑠−1) is the standardized EVI anomaly 
from the previous season, 𝛼, 𝛽1, 𝛽2, and 𝛽3 are coefficients that were estimated using the 
fixed effects estimator, and 𝜖 is the model residual. The coefficients associated with 
precipitation (𝛽1 and 𝛽2) capture drought sensitivity and the coefficient associated with lagged 
EVI (𝛽3) captures the sensitivity of pasturelands to preceding vegetation anomalies. 
Specifically (1-𝛽3) represents the rate at which EVI adjusts to the values implied by 
precipitation. In other words, coefficients 𝛽1 and 𝛽2 capture the drought resistance, whereas 
coefficient 𝛽3 represents the vegetation resilience to drought, quantifying memory effects. A 
large value for 𝛽3 indicates that current season EVI strongly depends on previous states of the 
system and that the pastureland ecosystem recovers slowly from drought, and vice versa (see 
Supporting Information). The quadratic specification allows for a nonlinear relation in which 
maximum greenness (EVI) can occur at intermediate rates of precipitation. The cell-specific 
intercept (𝛼is) represents the effect of variables that vary across space for which observations 
are not available such as soil quality, nutrient availability, temperature, etc. Lagged values of 
precipitation are included because previous studies have found that grassland and semi-arid 
ecosystems respond to precipitation with time lags that range from three to six months (Lotsch 
et al., 2003; Sala et al., 2012; Vicente-Serrano et al., 2013). Lagged values of EVI are included 
because vegetation has “memory” such that its current state reflects the residual effects of 
previous conditions. For this work, we used a similar approach pursued in several previous 
  
©2019 American Geophysical Union. All rights reserved. 
studies that quantified resilience by measuring the time or rate of biomass recovery to a state 
that existed prior to disturbance (Tilman, 1996; Lhermitte et al., 2011; De Keersmaecker et al., 
2015). Hence, this model considers standardized anomalies for both short-term precipitation 
effects and grassland system memory.  
We use Equation (2) to characterize the response of vegetation greenness in global 
pasturelands to precipitation across 60 seasons (15 years) using the procedure developed by 
Swamy (1970). The model was estimated separately for each of the twenty study regions (Fig. 
1) by using all sample cells within each region together. We selected among models that are 
implied by four estimation techniques (pooled OLS, fixed effects, random effects, or random 
coefficient) using the model selection framework outlined in Zhou et al. (2003) (see Supporting 
Information). F tests indicated rejection of restrictions that make the intercepts and/or 
regression coefficients the same across grid cells. Finally, we evaluated whether the regression 
results were spurious by testing the null hypothesis that the dependent and independent 
variables contain a stochastic trend (Pedroni et al., 2001). We rejected this null hypothesis for 
all variables, which allowed us to proceed with the OLS framework. To quantify the effect of 
each independent variable on EVI anomalies, we simulated the regression model by holding 
three variables at their sample mean while allowing one variable (i.e., lagged EVI) to vary in a 
fashion that was consistent with historical observations. In this way, we assessed the relative 
contribution of precipitation and antecedent vegetation greenness to variability in vegetation 
greenness (Fig. 3). 
2.4 Asymmetry, grid cell correlations, and trends 
Cell-wise regressions for all global pasturelands included in our analysis were calculated 
based on annual anomalies in precipitation and EVI. To quantify annual trends in EVI, we 
performed a Theil-Sen trend analysis for each cell by calculating the slopes of multiple 
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randomized subsets of data generated via bootstrap resampling. The final Theil-Sen estimator 
is the median of all slopes and bootstrap resampling provides an estimate of the p-value for the 
slope (Theil 1950; Sen 1968). Theil-Sen estimates are robust, resistant to outliers, and yield 
accurate confidence intervals (Sen 1968; Theil 1950). Lastly, we calculated the maximum 
positive and negative deviations from the long-term mean EVI (Knapp & Smith, 2001; Knapp 
et al., 2017). Following the methodology developed by Knapp & Smith (2001) we calculated 
maximum positive EVI deviations as 
max − 𝑚𝑒𝑎𝑛 
𝑚𝑒𝑎𝑛 
 and maximum negative EVI deviations 
as  
𝑚𝑒𝑎𝑛−𝑚𝑖𝑛
𝑚𝑒𝑎𝑛 
. To test whether vegetation responds asymmetrically to precipitation above the 
sample mean, we multiplied the squared precipitation term in Equation (2) by a binary variable 
equal to one for seasons in which anomalies are positive and zero for seasons in which 
anomalies are negative.  
3 Results 
Results indicate widespread sensitivity of pastureland vegetation to both precipitation 
anomalies and short-term lagged vegetation anomalies. This sensitivity is most pronounced in 
arid and semi-arid regions where rangeland-based livestock production systems are the least 
resilient. As part of our analysis, we examined two key properties of pastureland response to 
precipitation: engineering resilience, which we define here as the time required for vegetation 
to recover following a disturbance, and resistance, which reflects the ability of pasturelands to 
withstand drought. As we indicate in Section 2.3, lagged EVI is included in Equation (2) to 
quantify the importance and magnitude of lagged vegetation responses to variation in 
precipitation.   
3.1 Annual grid cell correlations and trends 
Globally, 28.3% of pasturelands show statistically significant correlations (p < 0.05) 
between vegetation index anomalies and current and antecedent precipitation anomalies as 
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indicated by t statistics which reject the null hypothesis 𝛽1 = 0 or 𝛽2 = 0. More specifically, 
Fig. 2 presents a map of the variance in EVI anomalies explained (R2) by OLS regression 
models.  Results from this analysis clearly show the geographic extent of pastureland 
sensitivity, with southwestern Africa, eastern Australia (Fig. 2d), the Northern and Southern 
Great Plains of the United States (Fig. 2b), parts of Eurasia, and Mongolia all showing strong 
sensitivity to precipitation anomalies. As expected, there is a strong correspondence between 
vegetation dynamics and variation in precipitation in arid and semi-arid pasturelands, with 
62.2% of statistically significant cells located in these climate zones. In this context, it is 
important to note that land management is not included in this part of the analysis (Fig. 2).  
Hence, low correlation between vegetation dynamics and precipitation in some regions may 
reflect the role of human activities or other climate and edaphic factors that may limit growth.   
 
While the majority of global pasturelands show no trend in overall greenness, 14.5% of 
global pastureland grid cells show statistically significant (p < 0.05) trends in EVI: 84.6% show 
greening and 15.4% show browning (Fig. S6). Greening is most pronounced across arid and 
semi-arid pasturelands, where 79% of statistically significant Theil-Sen trends are positive. 
Trends in vegetation greenness between 2003 and 2017 show the largest magnitude (up to 0.10 
EVI units total increase) over southeastern Australia, the northern Great Plains of the United 
States, Mato Grosso do Sul in Brazil, and in parts of China (Fig. S6). This analysis also revealed 
statistically significant browning trends (up to -0.08 EVI units) over Kenya and Somalia in 
eastern Africa, and in Eastern Brazil in Latin America (Fig. S6).   
3.2 Seasonal explanatory power of models and predictors 
To explore the magnitude of regional and seasonal patterns in the sensitivity of vegetation 
greenness anomalies to precipitation and antecedent greenness, we estimated the total and 
partial R2 for each predictor variable in Equation (2) stratified by season, livestock production 
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system, and region (Fig. 3). In arid and semi-arid regions, anomalies in precipitation and lagged 
EVI accounted for 22% to 68% of total variation in seasonal EVI anomalies in crop-livestock 
systems, and 20% to 69% of variation in seasonal EVI anomalies in rangeland-based systems. 
The magnitude of explained variance was particularly large in rangeland-based and crop-
livestock systems in Australia, North America, and Latin America across all seasons, and for 
arid crop-livestock systems in Australia (Fig. 3). Importantly, lagged short-term vegetation 
greenness anomalies contributed at least a half of the explanatory power in most regions and 
seasons, with the exception of Australia and North America, where contemporaneous and 
short-term precipitation anomalies explained a lot of the variability in greenness anomalies, 
especially in crop-livestock systems. 
In humid and sub-humid climate zones, variation in precipitation and lagged EVI accounted 
for 16% to 69% and 5% to 72% of total variance in EVI anomalies across regions and seasons 
in crop-livestock systems and rangeland-based systems, respectively (Fig. S1). Lagged short-
term vegetation greenness anomalies explain a smaller proportion of contemporaneous 
greenness in humid pasturelands than in arid and semi-arid pasturelands.  Overall, the 
explanatory power of our models in humid and sub-humid pasturelands was smaller because 
of two main factors: 1) humid grasslands usually are not water limited, and 2) vegetation in 
humid pasturelands is more abundant (i.e., higher percent cover, leaf area, etc.) relative to 
vegetation in arid pasturelands. The explanatory power was particularly low in Africa and also 
in mixed crop-livestock production systems in all regions (Fig. S1). 
Further analysis reveals geographic patterns in the statistically significant relationships 
(p<0.05) between EVI anomalies and lagged anomalies in both precipitation and EVI. 
Specifically, there is a 3-month system memory, except in arid North American livestock 
production systems, where 6-month lagged precipitation anomalies account for nearly 20% of 
interannual variation in vegetation greenness anomalies during MAM and JJA (Fig. 3). These 
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results clearly indicate that dryland livestock production systems are sensitive to short-term (3-
month lag) vegetation greenness anomalies (Figs 3 & 4). Specifically, livestock production 
systems in Australia are most sensitive (least resistant) to contemporaneous and short-term 
precipitation anomalies, while arid and semi-arid livestock production systems in Latin 
America are most sensitive (least resilient) to short-term vegetation greenness anomalies (Figs 
3 & 4). 
3.3 Seasonal sensitivity of pasturelands to precipitation and vegetation anomalies 
Pastureland EVI anomalies were positively correlated with both in-season and lagged 
precipitation anomalies across livestock production systems and agroecological zones. On 
average, above-average precipitation tended to increase vegetation greenness and below-
average precipitation tended to decrease vegetation greenness (Fig. 3). The magnitude of this 
effect depended on the location and climate regime. To illustrate, Fig. 4 shows the sensitivity 
of EVI anomalies to variation in in-season and lagged precipitation anomalies (defined here as 
the unit change EVI for a unit change in precipitation, estimated based on the coefficients from 
Equation (2)), which can be related to pastureland stability. Specifically, the coefficients 
associated with precipitation (𝛽1 and 𝛽2) capture the resistance of pasturelands to drought, and 
the coefficient associated with lagged EVI (𝛽3) captures the resilience of pasturelands to 
drought (or in other words the rate at which EVI adjusts to precipitation anomalies). 
In arid and semi-arid regions, pasturelands were less sensitive to precipitation than short-
term vegetation anomalies, which suggests that these regions are relatively resistant to drought, 
but have lower resilience once disturbed (Fig. 4, Table S3-S4). Conversely, humid and sub-
humid pasturelands were less sensitive to short-term vegetation anomalies compared to arid 
and semi-arid regions, and as a result, pasturelands in these regions had greater resilience (Fig. 
4, Table S3-S4).  
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In arid and semi-arid pasturelands, which were less resilient than humid and sub-humid 
pasturelands, rangeland-based and crop-livestock systems respond differently compared to one 
another (Figs S2-S4). Rangeland-based systems, which were more extensive, appear to be the 
least resilient. In particular, low resilience was pronounced in Africa, Australia and Latin 
America during JJA and SON. Drought resistance, on the other hand, was relatively unaffected 
by the livestock production system or agroecological zone (Figs S2-S4). Inspection of the mean 
resistance and resilience across seasons reveals widespread sensitivity of pasturelands to 
precipitation and vegetation anomalies (Fig. 5). Figure 5 shows the mean seasonal coefficients 
for precipitation anomalies (a) and vegetation anomalies (b) from Equation (2) across the 
twenty different study units. Low resilience (high value of 𝛽3 coefficient) was found in arid 
and semi-arid areas and in particular in US Southwest, Patagonia, southern Africa, the Sahel 
and Australia (Fig. 5b). Low drought-resistance (high value of 𝛽1 coefficient) was found in 
Australia, US Southwest, Uruguay and parts of Brazil (Fig. 5a). In particular, Australia had 
both low resistance and low resilience relative to other regions across the world. Patagonia, in 
southern South America, had the lowest resilience globally, which is indicative of slow 
vegetation recovery after disturbance (e.g., drought).  
 
3.4 Asymmetry in the response of pastureland greenness to precipitation anomalies 
In the final element of our analysis we tested whether pastureland vegetation responds 
symmetrically to wet versus dry years. Results indicated that arid/semi-arid zones responded 
differently than humid/sub-humid zones, which suggests that biome-dependent factors, 
independent of precipitation, constrain the response of vegetation. In arid and semi-arid 
regions, maximum positive deviations in vegetation greenness were four times more numerous 
than maximum negative deviations (Fig. 6). Although the same pattern is present in humid and 
sub-humid systems, differences in the magnitude of positive versus negative deviations is much 
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smaller. Further, positive asymmetry in EVI response was not consistently explained by 
corresponding asymmetry in precipitation (Fig. S5). To test whether asymmetry in the EVI 
response was explained by asymmetry in the magnitude of precipitation anomalies, we 
multiplied the squared precipitation term in equation (2) by a binary variable (see methods for 
more details). Results from this analysis reveal that asymmetry in EVI response is not 
associated with differential response to wet versus dry years, except regionally in Latin 
America, Australia, and North America (Fig. S5). For example, the positive EVI asymmetry in 
crop-livestock systems in Latin America is associated with wet years (on average 𝛽2 =  0.249, 
p < 0.05). The lack of corresponding asymmetry in precipitation indicates that vegetation 
greenness can be influenced by other factors in addition to precipitation in the current season 
(i.e., antecedent precipitation, grazing intensity).  
 
4 Discussion  
This study provides a comprehensive analysis of the sensitivity of global pasturelands to 
change in precipitation across multiple agroecological zones and livestock production systems. 
Our results show that among those grid cells exhibiting statistically significant trends, 84.6% 
are greening (Fig. S6), of which most are located in arid and semi-arid regions. These results 
are consistent with those from other studies showing that semi-arid regions of the Southern 
Hemisphere have experienced greening, especially in Australia, South America, and Southern 
Africa (Fensholt et al., 2012; Poulter et al., 2014). While the drivers behind this trend are 
unclear and likely vary by region, possible causes include changes in precipitation frequency 
and intensity (Donohue et al., 2009), woody encroachment as a result of livestock management 
(Andela et al., 2013; Asner et al., 2004), climate change (Maestre et al. 2016), and CO2 
fertilization (Zhu et al., 2016).   
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The resistance and resilience metrics used in this study are consistent with published 
ecosystem sensitivity metrics, and provide effective and nuanced measures of how vegetation 
activity responds to variation in precipitation over short periods (i.e., 3 months) (De 
Keersmaecker et al., 2015; Vicente-Serrano et al., 2013). Our study finds that sensitivity to 
contemporaneous and short-term precipitation anomalies is highest (least resistance) in 
Australia across all combinations of agroecological zones and livestock production systems, 
while arid and semi-arid livestock production systems in Latin America are most sensitive 
(least resilient) to short-term vegetation greenness anomalies (Fig. 4, Table S3-S4). Field-based 
evidence suggests that low levels of plant density in arid and semi-arid grasslands of Latin 
America limit their ability to recover from the loss of vegetation associated with drought (e.g., 
Gaitán et al., 2014; Yahdjian and Sala, 2006). In this context, results from this study provide 
further empirical evidence regarding the importance of short-term vegetation anomalies as a 
major control on productivity in arid and semi-arid agroecological zones across the globe, and 
in Latin America in particular. Specifically, vegetation in arid and semi-arid pasturelands is 
well-adapted to seasonal-scale precipitation deficits but highly responsive to disturbances in 
vegetation cover at interannual time scales caused by drought, for example.  
While our results demonstrate the importance of precipitation as a key abiotic driver of 
variation and change in pasturelands, they also highlight that the rate of adjustment by 
vegetation to fluctuations in precipitation is low, indicating low resilience, and once perturbed, 
a slow return of the system to equilibrium. Moreover, the response of pastureland vegetation 
to climate forcing is also influenced by biotic factors such as grazing, which impacts the long-
run productivity of pasturelands by changing the species composition and plant density (Illius 
& O’Connor 1999; Briske et al., 2003; Fuhlendorf, Briske & Smeins 2001). Because the state 
and health of rangeland ecosystems reflect processes that include both equilibrium and 
nonequilibrium dynamics, both abiotic and biotic drivers such as those mentioned above can 
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have long-term impacts on arid and semi-arid pasturelands by causing non-reversible changes 
in ecosystem state (Asner et al., 2004; Gaitán et al., 2014; Reynolds et al., 2007; Briske et al., 
2003). Stated another way, maintaining and enhancing grassland cover in pasturelands by 
effective management of livestock can buffer the negative effects of climate variation on 
vegetation productivity and aid pasturelands in recovery from drought.  
Finally, results from this study demonstrate that some pastureland systems show 
asymmetric response to precipitation anomalies (Knapp et al., 2015). This makes it difficult to 
predict the response of vegetation greenness to precipitation extremes based on the overall 
sensitivity of EVI to precipitation. Our results, which are based on remote sensing, are 
consistent with results from field studies: maximum EVI values deviate more from the long-
term mean than do minimum EVI values (Knapp and Smith, 2001; Knapp et al., 2017; Wu et 
al., 2011). Furthermore, statistical assessment of EVI dynamics demonstrates that crop-
livestock systems in Latin America exhibit statistically significant asymmetric responses to wet 
versus dry years. The asymmetric response in vegetation greenness, however, may not always 
be a direct response to increased precipitation and can also reflect vegetation life history, legacy 
effects, or changes in plant communities. Even though wet years in arid regions can generate 
large pulses in productivity, the magnitude of the response is constrained by low plant density 
and leaf area (Huxman et al., 2004; Knapp and Smith, 2001). Consistent with this, our results 
suggest that in arid and semi-arid livestock production systems, pastureland greenness saturates 
during extremely wet seasons (Flombaum et al., 2017; Huxman et al. 2004; Yang et al., 2008; 
Zhou et al., 2003).  
Pasturelands are globally extensive, sensitive to climate, and important both ecologically 
and socio-economically. In the coming decades, as population growth and economic 
development increase the demand for meat and dairy products, pasturelands will experience 
increased stress from land use intensification and climate change. In this study we used remote 
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sensing, climate, and land use data to characterize and quantify the sensitivity of global 
pasturelands to the joint effects of climate variation and land use. Specifically, our analysis 
quantified the short-run effects of precipitation and vegetation anomalies on pastureland 
greenness across two agroecological zones and two broad classes of livestock production 
systems. Our results identify trends in pastureland greenness and sensitivity to climate, and 
indicate how pasturelands located in existing dryland areas are likely to be affected by projected 
trends in precipitation. For example, browning in the Horn of Africa combined with sensitivity 
to drought and short-term vegetation anomalies make livestock production in this region 
particularly vulnerable to climate change and overgrazing.  
5 Conclusions 
Although some livestock producers may be able to adapt by implementing new strategies 
for dealing with declining carrying capacity for livestock in pasturelands (i.e., by using feed or 
moving herds to different ranges), others may be incapable of doing so because their grazing 
lands are already overgrazed (and hence are not able to recover from drought) or they do not 
have the means to adapt. While high livestock density in dryland pasturelands can reduce 
vegetation cover and grassland species diversity, appropriate management can also be effective 
in supporting and maintaining healthy vegetation and productive vegetation stocks. By 
stratifying our analysis into different livestock production systems, we separate land areas that 
are most likely to experience degradation from those that are more likely to maintain their 
ability to support livestock. Our results suggest that globally, regions most likely to experience 
degradation include arid and semi-arid rangeland-based systems located in Australia and Latin 
America. These two regions exhibited the lowest resilience and drought resistance, which 
means they not only struggle to recover from disturbance, but they are also vulnerable to state 
transitions. More generally, our results show that large swaths of semi-arid global pasturelands 
have substantial sensitivity to variation in precipitation, and hence, are vulnerable to climate 
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change. Moving forward, improved climate model projections in combination with operational 
monitoring systems, perhaps building off the framework we used for this work, will be required 
to support and ensure effective management of both regional and global land use in 
pasturelands. 
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Figure 1. Global ruminant livestock production systems and sample design with two 
agroecological zones (arid/semi-arid and humid/sub-humid), two livestock production systems 
(rangeland-based and crop-livestock) and five different geographic regions (Africa (Afr.), Asia 
(As.), Australia (Aus.), North America (N.A.) and Latin America (L.A.)), resulting in twenty 
different study regions. The map has been adapted from Robinson et al. (2018) and it shows 
the applied pastureland mask. Rangeland-based arid pasturelands are shown in red, rangeland-
based humid pasturelands are shown in orange, mixed crop-livestock arid pasturelands are 
shown in greed, and mixed crop-livestock humid pasturelands are shown in blue.  
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Figure 2. Grid cell R2 values for statistically significant regression models (p < .05) for 
yearly precipitation and EVI anomalies, including lagged terms. Panel (a) shows global 
results, along with three specific pasturelands in regions of interest in the United States (b), 
Latin America (c) and Australia (d). White grid cells represent grid cells that do not show 
statistically significant R2 values (p < .05). CHIRPS precipitation data is available between 
50˚S and 50˚N, which is why pasturelands in Russia and Canada are excluded from the 
analysis.  
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Figure 3. Partial R2 values for each predictor variable in each region explaining variability in 
EVI anomalies in arid and semi-arid regions. The solid points above each production-region-
season combination show the overall explanatory power of the model, and the colored bars 
show the contributions of contemporaneous and lagged precipitation and lagged EVI 
anomalies. Sample sizes in each region are provided in Table S1.  
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Figure 4. Sensitivity (change in EVI for a unit change in precipitation) of EVI anomalies to 
precipitation anomalies (P) for December/January/February (DJF); error bars represent one 
standard deviation. There were insufficient observations of pasturelands in humid Asia and in 
humid rangeland-based production systems in North America to estimate models for these 
strata. Sample sizes in each region are provided in Table S1. 
 
 
  
©2019 American Geophysical Union. All rights reserved. 
 
Figure 5. Global mean seasonal sensitivity of pasturelands: (a) resistance to drought and (b) 
resilience. This figure shows the model coefficients for precipitation (a) and lagged vegetation 
anomalies (b) for the twenty different study units. Higher numbers indicate lower resistance 
and resilience; i.e., areas in purple and blue are most sensitive to change in precipitation 
regimes. Note that the two scales have different ranges.  
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Figure 6. Maximum positive deviations from mean EVI are up to four times larger than the 
maximum negative deviations observed in the 15-year record in arid and semi-arid regions of 
the world. There were insufficient observations of pasturelands in humid systems in North 
America to estimate models for these strata. For sample size in each region please refer to Table 
S1. 
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